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Purpose: Radiation dermatitis (RD) is a common, unpleasant side effect of patients receiving radiation therapy. In clinical
practice, the severity of RD is graded manually through visual inspection, which is labor intensive and often leads to large inter-
rater variations. To overcome these shortcomings, this study aimed to develop an automatic RD assessment based on deep
learning (DL) techniques that could efficiently assist the RD severity classification in clinical application.

Methods and Materials: A total of 1205 photographs of the head and neck region were collected from patients with nasopha-
ryngeal carcinoma (NPC) undergoing radiation therapy. The severity of RD in these photographs was graded by 5 qualified
assessors based on the Radiation Therapy Oncology Group guidance. An end-to-end RD grading framework was developed by
combining a DL-based segmentation network and a DL-based RD severity classifier, which are used for segmenting the neck
region from the camera-captured photographs and grading, respectively. U-Net was used for segmentation and another convo-
lutional neural network classifier (DenseNet-121) was applied to RD severity classification. Dice similarity coefficient was used
to evaluate the performance of segmentation. Severity classification was evaluated by several metrics, including overall accu-
racy, precision, recall, and F1 score.

Results: Results of segmentation showed that the averaged dice similarity coefficients were 91.2% and 90.8% for front and side
view, respectively. For RD severity classification, the overall accuracy of test photographs was 83.0%. Our method accurately
classified 90.5% of grade 0, 67.2% of grade 1, 93.8% of grade 2, and 100% of above grade 2 cases. The overall prediction perfor-
mance was comparable with human assessors. There was no significant difference in accuracy when using manually or auto-
matically segmented regions (P = .683).

Conclusions: We have successfully demonstrated a DL-based method for automatic assessment of RD severity in patients with
NPC. This method holds great potential for efficient and effective assessing and monitoring of RD in patients with NPC. © 2022
The Author(s). Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/
licenses/by-nc-nd/4.0/)
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Introduction

Acute radiation dermatitis (RD) is a common, unpleasant
side effect when undergoing radiation therapy (RT) for
patients with nasopharyngeal carcinoma (NPC). It may
cause various complications without appropriate interven-
tion, including diminished aesthetic appeal, a significant
reduction in the patient’s quality of life, and even death.'
Studies on RD have been mainly focused on its pathogenic
mechanism,” clinical manifestations and diagnosis,”* pre-
vention and treatment,” and prediction of c:hanges.6 It has
been widely acknowledged that the early diagnosis, inter-
vention, and management of RD requires the continuous
monitoring of a patient’s skin condition and prediction of
its prognosis.” To guide the evaluation of RD severity in
clinical practice, there are 3 commonly used RD grading cri-
teria, including the Radiation Therapy Oncology Group
(RTOG),® the National Cancer Institute Common Termi-
nology Criteria for Adverse Events,” and the World Health
Organization criteria.'” Zenda et al* developed a grading
atlas of RD for patients with NPC based on the Common
Terminology Criteria for Adverse Events for improving the
RD assessment quality in clinical practice. Many researchers
have studied the effects of different drugs for RD prevention.
Trolamine'' and aloe vera'” are 2 supportive ingredients
that are commonly evaluated. Kawamura et al° developed a
scoring system for acute RD prediction based on dosimetric
and clinical factors. However, the current method of RD
assessment for patients with NPC is based on visual inspec-
tion, which has 2 main weaknesses. First, the grading guid-
ance, for example the RTOG grading criteria for skin
toxicity, only uses descriptive words of RD symptoms. The
visual assessment highly depends on the rater’s experience
and therefore it often leads to high interrater variations. Sec-
ond, frequent RD assessment could be resource-demanding
and may significantly increase clinicians’ workload. It is
therefore highly desirable to develop an automatic method
for RD assessment to eliminate these shortcomings of the
current RD assessment method and subsequently to
improve RD management and patient overall treatment
outcome.

Deep learning (DL) has been used as an automatic assess-
ment tool for many skin diseases.">'° For instance, DL is com-
monly used for melanoma segmentation and classification.'”'*
Al Nazi and Abir'® adopted a transfer learning approach to seg-
ment and detect melanoma automatically. The dermoscopic
images were segmented via U-Net, a typical segmentation con-
volutional neural network (CNN) for medical imaging,"” and
then they did feature extraction on the region of interest (ROI)
followed by melanoma classification. The mean dice score for
the segmentation was 0.87 and classification accuracy reached
92%, which indicated that DL methods allow researchers to
obtain satisfying results. Other similar studies also showed that
models developed via DL methods had improved performance
compared with those developed via traditional methods.'® As
for the prediction of RT toxic effects, some machine learning

(ML)—based methods have been applied to patients with breast
cancer’’** for accurately predicting RD severity and pain.
Therefore, an automatic and reliable computer-aided system
implemented with DL approaches would be an important RD
severity evaluation tool for providing support and assistance to
doctors.

The objective of this study was to develop an end-to-end
RD grading framework, in which we input an RD photo and
an RD severity grade could be outputted automatically,
using DL techniques to facilitate the monitoring and man-
agement of RD in patients with NPC. To the best of our
knowledge, our study is the first to introduce the DL tech-
nique for automatic RD assessment. An integrated 2-stage
diagnostic model for neck region segmentation and multiple
severity grade classification was developed via state-of-the-
art DL techniques. This study can contribute in the follow-
ing ways: (1) this model could effectively reduce the occur-
rence of misdiagnosis and reduce work burden; (2) with a
similar prediction ability to human graders, it may eliminate
the interrater variation caused by the subjectivity of human
assessors and highly reduce the evaluation time; and (3) it
could mimic the human assessors to accurately evaluate the
RD severity but with more consistent assessment results and
less evaluation time.

Methods and Materials

Data set

A data set of 1205 photographs of the head and neck region
was built for patients with NPC undergoing RT, including 2
private data sets (740 and 373 photos, respectively) collected
under Initial Review Board approved protocols from Queen
Mary Hospital, Hong Kong SAR, China (ref. no. UW16-
2002; HK cohort), and The Affiliated Cancer Hospital of
Zhengzhou University, Zhengzhou, China (ref. no. 2019268;
HN cohort) and 1 online public database® (92 photos). The
photos were taken using digital cameras with a resolution of
96 dpi for patients’ head and neck regions from 3 angles
(front, left, and right oblique angles), as shown in Figure 1,
according to a previous study.” To protect patient identifica-
tion, the photos were trimmed to remove the face portion or
patients’ eyes were masked before the study.

For the 2 private data sets, the demographic and RT sta-
tistics of patients are shown in Table 1. For the HK cohort,
the prescription dose was 66 to 70 Gy. Photos were taken at
8 time points for each patient, including 1 taken before the
treatment and 7 taken weekly during the RT treatment
course. For the HN cohort, the prescription dose was 64 to
70.4 Gy. Photos were taken every 5 fractions during the RT
treatment course.

All photos were graded for RD severity by 5 qualified
assessors based on the RTOG grading criteria for skin
toxicity.” The qualified assessors who participated in the
manual assessment of these photos evaluated all photos
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Fig. 1.
matic background was used.

individually. All photos were randomly shuffled before
grading to avoid any grading bias. For each photo, the
most-voted grade among the assessors was used as the
ground truth grade for model training. The individual
grades of the assessors were also collected and used in
the study. In total, the data set contained 493 photos of
grade 0, 445 photos of grade 1, 213 photos of grade 2,
and 54 photos with severity above grade 2. The photo-
graphs with severity above grade 2 were grouped
together as “above grade 2” owing to their limited num-
ber. The split ratio for training, validation, and test set
were 70%, 15%, and 15%, respectively. The example pho-
tographs of each RD grade are shown in Figure 2.

Study design

The proposed DL framework for RD severity diagnosis
integrates a DL-based segmentation network for the ROI
of the neck region and a DL-based classifier for RD
grade evaluation from RD photographs. In this inte-
grated framework, the neck ROIs were first segmented
via U-Net, and after image postprocessing, the seg-
mented ROIs were then inputted into a DenseNet-
121*°—inspired DL classifier. The final output would be
1 of the 4 RD categories: grade 0, grade 1, grade 2, and
above grade 2. For further analysis and discussion, grade
0 and grade 1 were grouped as “mild” cases, and grade 2
and above grade 2 were grouped as “severe” cases.”’
According to the photo orientation, all images were
divided into 2 subgroups, front view and side view (left
and right views). Photographs with front and side views

Table 1 Demographic and radiation therapy statistics of
patients
HK cohort HN cohort
Number of patients 27 31
Age (y)* 54 (15) 58 (18.5)
Sex (male:female) 18:9 25:6
Prescribed dose range 66-70 Gy 64-70.4 Gy
Overall fractions 33 0r35 30-33
Collection frequency Weekly Weekly
" Age is presented as median (interquartile range).

Y

Protocol for photography. Three directions of photos were taken: right, front, and left oblique angles. A monochro-

were trained under the same framework, and 2 segmen-
tation models were generated and evaluated separately.
During classification, 1 classification model was trained
to grade all photos regardless of the view. For this task,
we gave RD grades based on each RD photograph
instead of each patient. Each RD photograph was indi-
vidually handled and graded. The schematic diagram of
the overall study design is shown in Figure 3.

Automatic segmentation of RD regions via U-Net

ROT of the neck region was first manually delineated for all
photos and was used to create binary masks of ROL The
photos and corresponding binary masks of ROI were then
cropped into 512 x 512 pixels and inputted into a DL seg-
mentation network based on a U-Net structure. Used for
medical image segmentation tasks, U-Net, a fully convolu-
tional network, can yield precise segmentation performance
with limited training images.'” It contained contracting and
expansive paths. Four skip attentions were connected
between the 2 paths for original shape recovery. The con-
tracting path consisted of the repeated application of two
3 x 3 convolutional layers, each followed by a rectified lin-
ear unit (ReLU) and a 2 x 2 max-pooling operation for dou-
bling feature channels. Each step in the expansive had
feature channels with two 3 x 3 convolutions and an ReLU
followed by a 2 x 2 convolution. At the last layer, a 1 x 1
convolution is used to map each 64-component feature vec-
tor to 1 class.

The segmented ROI masks were then postprocessed to fur-
ther improve segmentation performance, using a maximum
contour extraction and hole filling algorithm. The maximum
contour extraction was used for small noise removal and the
missing part inside ROI was filled up by the hole-filling algo-
rithm. The segmented mask was overlaid on the original pho-
tograph to extract ROI (neck area) for further classification.

DL network for RD severity classification

A densely connected convolutional network, DenseNet-
121,” was used for the RD severity classification. It has 4
dense blocks and 3 transition layers. Dense blocks contain 6,
12, 24, and 16 densely connected layers, respectively. In
each dense block, each layer is connected to every other
layer to preserve the feed-forward nature. The first part of
the network consists of a 7 x 7 convolutional layer followed
by a 3 x 3 max-pooling layer. Each dense block is composed
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Fig. 2. Example photographs for each radiation dermatitis grade. Left to right, three directions of patients: right, front, and
left views. Top to bottom, four radiation dermatitis grades: grade 0, grade 1, grade 2, and above grade 2.
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Fig. 3. Schematic diagram of the proposed integrated framework for region of interest segmentation and radiation dermati-
tis severity classification. Photo with the orange outline shows region of interest after color correction. #: During segmentation,
photographs with front view and side view (left and right) were trained separately to generate 2 different segmentation models.
Both views were trained together during classification. All photographs were trained under the same proposed framework.
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of a batch normalization, a ReLu, a 3 x 3 convolutional
layer, and a drop-out function. Between each dense block,
the bottle neck layers are included, which contain 1 x 1
convolution to reduce the number of input feature maps
and improve computational efficiency. A fully connected
(FC) layer connected to the fourth dense block is used as a
classification layer.

Data preparation

All the RD photographs were preprocessed before the
model training. For the neck region segmentation, all
RD photos and manually drawn binary masks were first
center cropped into 512 x 512 pixels to remove back-
ground and focus on the ROI. For the RD severity classi-
fication part, the input data were resized into 256 x 256
pixels and then cropped into 224 x 224 pixels. The color
variation of RD photos caused by different sources can
reduce the classification accuracy. Therefore, color cor-
rection was conducted to ensure the color consistency
among different RD photos.

Data balancing and augmentation

Our RD data set collected from participating hospitals
and the online public database was imbalanced in terms
of the number of photos in each RD severity grade. As
the photos of different RD grades were highly imbal-
anced, the weighted class strategy was applied to the
classification network. During classification training, a
manual rescaling weight was assigned to each grade in
the loss function, which was the cross entropy loss used
in this study. The weight of grade a was calculated as
the size of largest grade divided by the size of grade a.
In this case, the input weight was a tensor with value of
[1, 1.11, 2.31, 9.58]. Additionally, our current develop-
ment of automatic diagnosis still suffered from the lim-
ited available RD photos. To deal with this problem,
data augmentation was performed on the training set to
manually increase the number of photographs and avoid
the possible overfitting problem during the training pro-
cess that may be caused by the small number of training
data.”” Augmentation techniques included the following
methods: (1) random horizontal and vertical flipping
(probability = 0.5); (2) random rotation within the
range of —20° to 20°% and (3) random contrast adjust-
ment (range was 0.5, 1.5). The data augmentation pro-
duced 3356 training photographs compared with the
original unaugmented training data of 841 RD photos.

Color correction for RD photographs

To address the issue of photo color variations among differ-
ent data sets, a color constancy algorithm, called the Grey-
Edge algorithm, was used for color correction.”® As an edge-
based color constancy algorithm, Grey-Edge comprises
zeroth-order methods, first-order, and higher-order meth-
ods. Based on the hypothesis that the average of the

reflectance differences in a scene is achromatic,”® the frame-
work, by incorporating these color constancy methods, can

be shown as:

where 1 indicates the order of method; f is the image value;
e is the light source color; p is the Minkowski norm; and
the scale of the local measurements is denoted by o. Vec-
tors are shown in bold. In this study, we set the Minkowski
norm p = 7, 0 = 5, and used the second-order method.
As stated in the literature, best color constancy results may
be obtained using this combination.”

9" (x)
ox"

P NP
dx) = ke"P° (1)

Experimental setup

The whole data set was randomly split into a training data
set with 841 photographs (345 of grade 0, 311 of grade 1,
149 of grade 2, and 36 of above grade 2), a validation data
set with 182 photographs (74 of grade 0, 67 of grade 1, 32 of
grade 2, and 9 of above grade 2), and a testing data set with
182 photographs (74 of grade 0, 67 of grade 1, 32 of grade 2,
and 9 of above grade 2). To avoid the overfitting problem,
data augmentation was conducted for the training set.

During the ROI segmentation, the models for front view
and side view were trained individually for 90 epochs using
U-Net. Binary cross entropy with logit loss was used as the
loss function to minimize the difference between ground
truth and network prediction. Root mean square propaga-
tion was used as the optimizer to update the model, with a
learning rate of le-4, weight decay of 1le-8, and momentum
of 0.9. The performance of the segmented ROI mask in
comparison to manually delineated binary mask was evalu-
ated by Dice similarity coefficient (DSC), which was com-
puted using the following equation: DSC = (2 x the number
of pixels in the overlap region of the ground truth and the
predicted ROIs)/(the total number of pixels in the ground
truth and the predicted ROIs).

For RD severity classification, the model was initialized
with ImageNet pretrained weights and all layers were fine
tuned. We used Adam optimizer, and cross entropy loss was
chosen as the loss function. We set the hyper-parameters of
the learning rate for feature extracting layers, the learning
rate of classification layer, batch size, and decay to be le-5,
le-4, 16, and 0.01, respectively. Fifty epochs were trained for
the network to reach convergence. To quantitatively evalu-
ate the predicting performance of RD severity classification,
confusion matrix, and other evaluation metrics, including
overall accuracy and precision, recall (also known as “sensi-
tivity”) and F1 score of each class were used. Precision quan-
tified the number of positive predictions that belonged to
the positive class. Recall was the true positive rate. F1 score
was a single score that could balance both the concerns
of precision and recall. Several experiments were conducted
to evaluate the proposed method, including: (1) using man-
ually segmented ROIs to test; (2) using photos without color
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correction for testing; (3) only fine tuning the FC layer
instead of all layers; and (4) using ResNet-50,”” a commonly
used deep CNN for image classification, with all layers
fine-tuned. Wilcoxon signed rank test was performed to
compare the proposed method with each experiment as the
grades were not normally distributed. Additionally, the
model performance was compared with the performance of
each human assessor via the Wilcoxon signed rank test.

The implementation of the whole work was conducted on
a computer with the following specifications: a CPU of Intel
Core i9-10900KF @ 3.70GHz with 32 GB RAM and a Cuda-
enabled GPU of NVIDIA GeForce GTX 1080 Ti. We

Input Ground truth

Fig. 4.

implemented our work using Pytorch 1.7.0. All statistical
analysis was performed with SPSS 25 (IBM, Chicago, IL). A
significance threshold of P value <.05 was applied.

Results

Segmentation performance

The ROI (neck region) segmentation model achieved aver-
aged DSCs of the testing data set as 88.32% and 88.30% for

Segmented Overlapped

A

Sampled segmentation results for front view (first 2 rows) and side view (last 2 rows). For each subgroup,

from left to right: original image, ground truth mask, automatically segmented result, overlapping between original

image and segmentation result.



Volume 113 ® Number 3 ® 2022

Automatic assessment of radiation dermatitis 691

front and side view, respectively. After the image postpro-
cessing, averaged DSC for the front view set was improved
from 88.32% to 91.19% and the side view was improved
from 88.30% to 90.84%. Figure 4 illustrates the segmenta-
tion results of some samples in both subgroups.

Multiclass classification performance

The 4-class classification performance of the proposed RD
severity assessment framework was evaluated using 182
testing RD photographs randomly selected from all 3
cohorts. Overall training and testing accuracy were 97.4%
and 83.0%, respectively. Their confusion matrices are pre-
sented in Figure 5a and 5b. More analysis of our model
performance in the test data set is demonstrated in the
following sections. First, more quantitative evaluations of
the classification network testing performance are shown
in Table 2 in terms of precision, recall, and F1 score. The
results showed that all photos with above grade 2 were
correctly predicted even with a small number of training
samples, and there were no true negative samples for

Confusion matrix
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(a) Confusion matrix of training data set. (b) Confusion matrix of testing data set. (c) Evaluation accuracy of human

cases above grade 2. As for the classification performance
between mild (<grade 2) and severe (>grade 2) cases, 2
severe cases were wrongly predicted as mild cases and 4
mild cases were classified as severe. Furthermore, we
trained a binary classifier of patients with mild and severe
cases using the same data set. The overall testing accuracy
of this binary classification model was 98.4% (179/182).
The model successfully graded 97.9% (138/141) of mild
cases and 100.0% (41/41) of severe cases.

Additionally, we compared our model performance
with the individual evaluation results of human assessors.
Figure 5c¢ shows the grading accuracy of our automatic
model and 5 qualified assessors. Our model had a higher
accuracy than 2 out of 5 human assessors (assessor 2,
assessor 3). Wilcoxon signed rank test was used to evalu-
ate whether there was a significant difference between the
model prediction results and each group of human label-
ing. The significance levels were 0.095, <0.001, 0.408,
0.039, and 0.655 for each human assessor, respectively.
The model had a significantly better predicted perfor-
mance compared with assessor 2, who was less experi-
enced. For assessors 1, 3, and 5, there was no significant

Confusion matrix
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assessors and our proposed model. The red horizontal line indicates our model performance (83.0%).
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Table 2 Evaluation metrics of radiation dermatitis sever-
ity classification
Class Precision Recall F1 score
Grade 0 0.788 0.905 0.843
Grade 1 0.833 0.672 0.744
Grade 2 0.882 0.938 0.909
Above grade 2 1 1 1

difference between each of them and the DL model per-
formance. Assessor 4 achieved a significantly better pre-
diction than the model while the accuracy difference was
only 2.2%. The reason may be that the assessor and our
model wrongly labeled different cases, as they had only 5
false labels in common. Therefore, the overall results indi-
cated that the proposed DL model could achieve compa-
rable RD severity classification performance compared
with human assessors and had significantly better predic-
tion ability than the junior assessor.

Furthermore, some experiments were conducted to
evaluate the effect of using different data processing and
network fine-tuning methods, as shown in Table 3. First,
the manually segmented ROIs were used as testing data
instead of using automatically segmented ones. The accu-
racy difference was 1.1% and there was no significant dif-
ference between these 2 prediction results, which
suggested that the auto-segmentation method was suffi-
cient to delineate ROIs for severity classification. Second,
compared with photos without color correction, using the
color variation corrected photos in the proposed method
could have a slightly better overall accuracy. Third,
instead of fine tuning all layers, only FC was fine tuned in
the third experiment, and a significant accuracy decrease
(9.4%) could be observed. Last, ResNet-50 was used for
grade classification with all layers fine-tuned during train-
ing. The overall accuracy was significantly lower (6.1%)
than our proposed method.

Discussion

As a common and undesirable side effect of RT, radiation-
induced dermatitis, which can significantly reduce a
patient’s quality of life, requires active monitoring and pre-
cise assessment of the skin condition to ensure appropriate
and timely intervention. This study aimed to automatically
assess RD severity via DL methods to overcome the limita-
tions and difficulties of the current expert rating method,
such as inconsistency and amount of time used. DL methods
have been implemented in the medical field to deal with var-
ious clinical questions and they have achieved promising
performance.”** Automatic feature learning is the major
difference between the DL approach and some traditional
ML methods.”” Instead of extracting handcrafted image fea-
tures, CNNs as a powerful DL way can learn the useful rep-
resentatives of inputs and generate predictions directly from
the learned features. In this project, our end-to-end CNN
framework contained 2 stages, the neck region segmentation
and RD severity classification. The final outputs were 4 RD
severity categories, grade 0, grade 1, grade 2, and above
grade 2. Our model showed promising results that can be
used in real clinical scenarios with further implementations.

Segmentation of ROIs (neck regions) was developed
using U-Net. As a widely used and successful CNN for med-
ical image segmentation, U-Net contains both down-sam-
pling and up-sampling and makes input images reach their
original sizes. Also, skip connections are implemented in U-
Net to concatenate extracted features from down-sampling
paths to up-sampling paths. The limited sample size is one
of the major issues affecting the model performance. It is
generally believed that data augmentation is a data-space
solution to deal with the problem of limited data.’’ In the
present study, we used geometric transformation and color
space transformation to eliminate the positional and color
biases present in the training data, and thus, more under-
ground features could be learned by the DL model. Addi-
tionally, the current database is imbalanced in terms of the

Table 3  Evaluation for different testing experiments
F1 score

P value(compared with
Experiment Overall accuracy Grade 0 Grade 1 Grade 2 Abovegrade 2 proposed method)
Manually segmented 84.1% 0.845 0.683 0.940 1 .683
Without color correction 79.7% 0.819 0.748 0.849 0.778 123
Only fine-tuning FC layer 73.6% 0.795 0.682 0.687 0.727 .006*
ResNet-50 76.9% 0.806 0.723 0.789 0.737 .001*
Proposed method 83.0% 0.843 0.744 0.909 1 -

Abbreviation: FC = fully connected.

" P<.05.
The bolded row is our proposed method that used auto-segmented regions of interest with color correction, and all layers in the model were fine tuned.
Other experiments are named after the differences between them and the proposed method.
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number of RD photos in each RD severity class due to the
real clinical situation. Although 80% to 90% of patients with
head and neck cancer receiving RT develop RD, only
approximately 20% of patients will experience severe
RD.** Therefore, it was impossible to differentiate among
the photos with above grade 2 based on the current data set
and we applied the weighted class strategy to deal with the
imbalanced classes.

Patients with RD with grade 0 to grade 1 (mild case) are the
nonurgent cases who will receive the same treatment, whereas
patients with grade 2 and above (severe case) are more
urgent cases that require different and immediate medical
treatments.”™”> Therefore, in real clinical applications, evaluat-
ing whether the patients have developed severe RD symptoms
is probably more important for proper and timely treatment.
For this reason, the present study focused on achieving accurate
RD severity assessment for differentiating mild and severe
cases. Our results have demonstrated our current model was
able to achieve this goal. In addition, patients with more severe
RD conditions may require additional treatment. Therefore,
classification within severe cases is another important diagnos-
tic task. In the current study, we divided all the severe cases
into grade 2 and above grade 2 as the patient number of these
cases was limited. Despite the limited training photos, all above
grade 2 photos were correctly predicted, and there was no con-
fusion between these 2 classes.

The current model has limited performance in differenti-
ating between grade 0 and grade 1, which is presumably due
to the following reasons: (1) limited sample size; (2) the nat-
urally subtle differences between these 2 classes, which may
have led to noisy labels as the consensus grading of the
assessors (used as ground truth) may not be the true grade;
and (3) variations in photo taking despite closely following
the protocol, such as lighting conditions and shooting
angels, as they were mostly taken by radiotherapists who are
not experienced photographers. This is a real-world chal-
lenging problem that needs further studies to address it.
Therefore, in our future studies, we plan to: (1) collect more
RD photos with more diverse RD grading levels; (2) develop
the model to predict the probability of certain RD grade(s)
instead of giving 1 particular grade, which mimics the actual
clinical scenario of interrater variation; and (3) optimize
photo- taking protocol, including but not limited to stan-
dardizing camera specifications, ambient light, and patient
posture and position.

As the ultimate goal of our DL framework is to assist and
partially replace human work in a more efficient way, our
results demonstrated the efficiency and effectiveness of the
proposed method. First, our model achieved a clinically
acceptable performance. Over 80% of the DL model predic-
tion agreed with the clinician and can be accepted by clinical
standard. In particular, the model for classifying grade
2 and/or above RD performed exceptionally well, with 90%
agreement with the clinician (ie, less than 10% need to be
adjusted). For classifying grade 1 RD, which is challenging
even for clinicians, the DL model achieved a stable and
acceptable prediction success rate of around 70%, that is,

around 30% needed to be adjusted. Compared with the 5
human assessors in this study, our model achieved higher
accuracy than most assessors, indicating that our model can
perform better than human assessors in most cases (~80%)
and could be used as a good reference in real clinical prac-
tice. Nevertheless, we recognize that some senior assessors
may be able to achieve higher accuracy than our model. Sec-
ond, we evaluated the time efficiency of the DL model. It
took only 0.02 seconds to grade 1 RD photo, compared with
around 30 seconds for the human assessors. For photos
with ambiguous RD presentations, human assessors may
take up to 2 minutes to examine the photo thoroughly and
decide on the grading. The DL method is much more effi-
cient than manual assessment, with an increased evaluation
efficiency of about 1500~6000 times.

Though DL approaches have been commonly used in
many aspects of skin cancer, including skin lesion
segmentation,%’37 skin cancer detection,’® and classifica-
tion,”” few studies have applied DL methods to facilitate
RD diagnosis and treatment, especially for patients with
NPC. Some studies have demonstrated the ability of DL-
and ML-based methods for prediction of RT toxic effects
in patients with breast cancer. Reddy et al”’ used an
ML-based precision oncology approach to develop accu-
rate prediction models for moist desquamation, grade
>2 RD, and grade >2 breast pain in patients with breast
cancer. Another breast cancer RD severity prediction
model was developed by Lim and Joseph®' based on 3-
dimensional dose images and RT fractionation data.
Their model achieved an area under the curve of 0.80
and 0.81 on the training and validation data set for dis-
crimination between RD grade <1 and grade >2. Quan-
titative thermal imaging biomarkers were also used in
the supervised ML method for RD early prediction, and
the study found that the early thermal markers after 5
RT fractions could be predictive for RD severity in
breast RT.”> As visual inspection of skin conditions is
the classical approach in clinical usage, our study
exploited the DL method to directly diagnose RD sever-
ity via patients’ skin photographs, which mimicked
human visual assessment to provide the accurate RD
classification.

As the first attempt to solve this real-world challenging
problem via DL methods, the current study had some limi-
tations. First, our sample size was limited, especially for
cases above grade 2. Second, the classification results of
grade 0 and grade 1 were relatively poor. Therefore, in fol-
lowing studies, we will further address these problems by:
(1) enlarging our RD data set, including collecting more
photos, especially photos of more severe RD, and diversify-
ing patients’ demographic and prescription information; (2)
eliminating the noisy labels caused by human assessors,
which may be done by using cross-validation of multiple
assessors and multiple rounds to reduce the human discrim-
ination; and (3) developing the model to predict the proba-
bility of RD grade instead of giving a particular grade, which
may make the model become more practical.
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Conclusions

In this study, a DL-based end-to-end framework including
neck region auto-segmentation and RD grading classification
was developed for automatic RD severity assessment in
patients with NPC. Our model presents fast and accurate RD
evaluation of patients’ photographs with variable cohorts.
Experimental results show that it has a comparable predicting
accuracy to human assessors and high efficiency. Focusing on
dealing with this real-world challenging problem, our work
holds great potential for efficient and effective assessment
and monitoring of RD for patients with NPC in clinical
applications and thus improving patients” quality of life.
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